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Abstract With the general aim of classification and map-

ping of coral reefs, remote sensing has traditionally been

more difficult to implement in comparison with terrestrial

equivalents. Images used for the marine environment suffer

from environmental limitation (water absorption, scattering,

and glint); sensor-related limitations (spectral and spatial

resolution); and habitat limitation (substrate spectral simi-

larity). Presented here is an advanced approach for ground-

level surveying of a coral reef using a hyperspectral camera

(400–1,000 nm) that is able to address all of these limita-

tions. Used from the surface, the image includes a white

reference plate that offers a solution for correcting the water

column effect. The imaging system produces millimeter size

pixels and 80 relevant bands. The data collected have the

advantages of both a field point spectrometer (hyperspectral

resolution) and a digital camera (spatial resolution). Finally,

the availability of pure pixel imagery significantly improves

the potential for substrate recognition in comparison with

traditionally used remote sensing mixed pixels. In this study,

an image of a coral reef table in the Gulf of Aqaba, Red Sea,

was classified, demonstrating the benefits of this technology

for the first time. Preprocessing includes testing of two

normalization approaches, three spectral resolutions, and

two spectral ranges. Trained classification was performed

using support vector machine that was manually trained and

tested against a digital image that provided empirical veri-

fication. For the classification of 5 core classes, the best

results were achieved using a combination of a 450–660 nm

spectral range, 5 nm wide bands, and the employment of red-

band normalization. Overall classification accuracy was

improved from 86 % for the original image to 99 % for the

normalized image. Spectral resolution and spectral ranges

seemed to have a limited effect on the classification accu-

racy. The proposed methodology and the use of automatic

classification procedures can be successfully applied for reef

survey and monitoring and even upscaled for a large survey.

Keywords Spectroscopy � Classification � Remote

sensing � Hyperspectral � Glint � Monitoring � Survey

Introduction

Remotely sensed spectral data analysis has the potential to

become a cost-effective practice for reef investigation,

assessment, and monitoring (e.g., Mumby et al. 2004;

Knudby et al. 2007; Collin and Planes 2012). The most

desired application for remote sensing analysis of a coral

reef is usually a basic classification (or thematic mapping),

whereby the researcher wishes to quantify or map sub-

strates in the study area (Johansen et al. 2008; Kendall and

Miller 2008; Leiper et al. 2012). However, the integrity of

remotely sensed results is often questionable as three main

sources for errors obfuscate the image processing: (1)

Analysis of marine habitats is confounded by the optical

effect of the water and air columns above the substrate of

interest (e.g., Pope and Fry 1997; Holden and LeDrew

2000; Hedley et al. 2010); (2) spatial, spectral, and noise

limitations are imposed by the sensor itself (e.g., Yamano

and Tamura 2004; Kendall and Miller 2008); and (3)

similarities between the reflectance of the desired sub-

strates may cause errors in their identification (e.g., Hedley
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et al. 2004; Knudby et al. 2007). These three limitations are

detailed below.

Unlike terrestrial substrates, marine substrates are lim-

ited in their available spectral range to somewhere between

400 and 700 nm, dependent on water quality and clarity

(e.g., Smith and Baker 1981; Pope and Fry 1997; Zheng

et al. 2002). Predominantly, the effect of the water column

is that it scatters the shorter wave section of the spectrum

(up to about 450 nm) and absorbs most of the available

light above 600 nm (e.g., Lee et al. 1999; Woźniak et al.

2010). Understanding the effects of water and their cor-

rection is a formidable challenge and has been the subject

of numerous studies; these complexities and their potential

solutions are beyond the scope of this paper. Regardless,

within the spectral range available through water, spectral

features are concentrated between 550 and 700 nm (e.g.,

Hedley and Mumby 2002; Kutser et al. 2003; Hochberg

et al. 2006). Furthermore, it is important to note that even

with a good water correction procedure, the analysis is

confined to a maximum of 3–6 m water depth, beyond

which very little light above 600 nm leaves the water

(Kutser et al. 2003; Hedley et al. 2010).

Another environmental effect caused by the air–water

interface is the glint. This element is dependent on lighting

directionality in relation to the sensor position and there-

fore is often referred to as specular reflection (Kay et al.

2009). Glint can be produced by waves or wavelets that, in

a micro-scale, can change the water surface angle, thereby

producing a localized glint-like effect. In affected samples

(pixels or areas in the image), the reflection measured is

significantly higher than other (e.g., neighboring) samples.

The correction for glint is relatively simple and is based on

normalizing effected pixels to unaffected pixels using a

none-water-penetrating wavelength in the near-infrared

(NIR) spectral range (Hochberg et al. 2003a; Hedley et al.

2005; Kay et al. 2009).

Spatial resolution (i.e., pixel, the size of the land cov-

ered by each remotely sensed unit) and spectral resolution

(the number of spectral bands and their width) are usually

limited by the ability of the sensor to collect enough energy

(Mather and Koch 2004). Put together, even without the

effect of water absorbance, the total available radiance

(reflected light from the substrate) has to be balanced or

optimized between the unit area (pixel) and the number of

bands. To this end, with the available technology, it is

virtually impossible to achieve both high spectral resolu-

tion and high spatial resolution. Therefore, to date, anyone

who aims to study the reef using remote sensing has

essentially to choose between high spatial resolution (with

low spectral resolution) and high spectral resolution (cou-

pled with low spatial resolution). The choice in this

dilemma is fundamentally dependent on the scientific task

at hand.

A coral reef is a highly heterogeneous habitat in which

even the finest spatial resolution available (1–4 m) from

spaceborne systems is unlikely to contain a single substrate

(Andrefouet et al. 2002; Hochberg and Atkinson 2003;

Leiper et al. 2012). Not having a single substrate in a pixel

makes the classification infinitely more difficult as the

combination of substrates present may not necessarily be

linearly contributing to the pixel’s reflection (Joyce and

Phinn 2002; Hedley 2004). Studies attempting to address

this problem have used a combination of solutions such as

sub-pixel analysis (e.g., Hedley et al. 2012), or limiting

classification resolution to specific highly detectable sub-

strates, such as bleaching (Wooldridge and Done 2004;

Dekker et al. 2005; Dadhich et al. 2012). Many of the

solutions suggested above can be undertaken only with a

high spectral resolution that, in turn, limits the worker to a

coarser spatial resolution (from tens of meters upwards)

(Sterckx et al. 2005; Kutser et al. 2006; Hedley et al. 2012).

Reef substrates’ spectral separability is another subject

that has drawn considerable attention (e.g., Hochberg et al.

2003b; Lee et al. 2007; Leiper et al. 2012). Most examples

for spectral analysis rely on the benefits of hyperspectral

resolution and the ability to detect unique spectral features

of pure substrate measurements (e.g., Hochberg et al.

2003b; Karpouzli et al. 2004; Hamylton 2009). Examples

of coral reef pure substrate spectra are usually in situ

sampling using a hand-held spectrometer (Holden and

LeDrew 2002; Wettle et al. 2003). To date, only Hochberg

and Atkinson (2000) have used practically pure pixels for

their aerial remote sensing analysis despite pixel size of

0.5–0.9 m. This was possible because the substrate unit

and area coverage were very homogeneous and do not

represent a typical case study for habitats such as coral

reefs.

An alternative for coral reef remote sensing is in situ

digital photography. Taken underwater or above, it can

provide very high spatial resolution (unmatched compared

with remote sensing) but provides only three bands.

Although these are highly accurate pure pixel images, their

analysis is limited by the minimal spectral resolution.

Therefore, a typical data analysis of digital photography

requires lengthy manual post-processing and is manpower

intensive for large-scale coral reef monitoring (English

et al. 1997). That said, the potential for extracting high-

quality quantitative data, such as species identification or

accurate percent cover, could be good if the worker is well

trained and manpower is not limited.

Recent developments in sensor production provide

innovative remote sensing solutions tested in this study for

the first time. The use of a hyperspectral camera from the

surface offers an opportunity to deliver a potential solution

for all three sources of error discussed earlier: (1) Water

correction can be addressed by placing white reference
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targets within the image (atmospheric correction is unnec-

essary) (Mather and Koch 2004); (2) the hyperspectral

camera is very similar to the AISA Eagle aerial sensor,

featured with the same spectral resolution and up to 80

bands within the relevant range. This spectral resolution far

exceeds the resolution recommended for coral reef deter-

mination (e.g., Lubin et al. 2001; Hochberg et al. 2003b;

Kutser et al. 2003). While this spectral resolution exists in

other aerial sensors such as AISA Eagle and CASI, the

special resolution is unmatched. Spatial resolution (pixel

size) is expected to be finer than that of the target substrate

units (e.g., coral colony), thus delivering a pure substrate

spectrum in each pixel (much like a digital image); and (3)

the combination of high spectral and high spatial (pure

pixels) resolution would allow superior recognition of

underwater substrates, leading to accurate quantitative

estimates of cover within the sampled area (the image). To

date, hyperspectral imaging data of this type have never

been used in the shallow marine environment. Therefore, it

resembles a combination of a field point spectrometer that

provides hyperspectral resolution and a digital camera that

produces high spatial resolution. Using the proposed tech-

nology may lead to the development of an image acquisition

and processing system that enables the analysis of the reef

features in a fast, accurate, and efficient way. An advanced

and improved design will support a semi-automatically run

system with minimal operator input over larger areas. All

these reasons together formed a strong rationale for testing

the capabilities of the proposed technology.

The aim of this study was to provide a preliminary

assessment of ground-level, above-water, remote sensing

of a coral reef. The objectives include acquiring a hyper-

spectral image, correction of environmental distortions,

and classification of the underwater substrates. In line with

the aim, the key objective is achieving the best (most

accurate) classification for the given image, using only

basic processing steps. Given the pioneering level of pro-

cessing protocol, objectives included testing a variety of

variables relevant to image preprocessing, including spec-

tral resolution and spectral ranges.

Methods

Study site

The coral-reef marine park (CRMP, 29�330N 34�570E) is

located at the northern end of the Gulf of Aqaba, 8 km

south of the city of Eilat, Israel. The study site is catego-

rized as fringing reef and is relatively small while the reef

table is approximately 25 m wide and 2 km long. The

choice of location is based on the availability of an over-

water dry structure and the relatively flat reef table.

Image acquisition

The hyperspectral image was obtained from the jetty

(bridge) over the reef (Fig. 1). Time to provide the best

results, the image was acquired during the late morning—

when the sun was at an angle that avoided glint effect.

Other conditions included low wind (approximately

5 knots), and the water was close to low tide, so the

average depth was 30 cm (ranging from 20 to 50 cm). The

camera/instrument used was a pushbroom line scanner

Spectral Camera HS by Specim Systems. It was fixed on a

boom, overhanging the reef as close as possible to the nadir

position. The camera’s 28� lens, opening at 2.5 m above

target, captured approximately 2 9 3 m of the reef table,

and the acquisition time was near 32 s. The camera pro-

vides 1,600 pixels per line (the image width); therefore,

divided by 2 m of image width, it gives, on average,

1.25 mm of reef substrate area per pixel. Lengthwise, the

camera is able to provide up to 2,500 lines although only

1,400 of those were captured to minimize image distortion

at the edges. Spectrally, 849 bands are captured in the

spectral range of 400–1,000 nm with a 0.67–0.74 nm band

width.

For demonstrating the technique, a subset of 500 9 500

pixels was selected from the entire image in order to

minimize pixel stretching due to camera angle (Fig. 2a, b).

The image included a plastic quadrate frame and two white

reference plates—one at the reef table depth (Fig. 2a) and

another at the water surface (not shown).

Image preprocessing and analysis

A digital number (DN) is a value assigned to a pixel in a

digital image that depicts the average radiance of the basic

Fig. 1 The construction of the hyperspectral camera on the bridge.

At this fully extended boom height, the camera can cover 3 9 6 m of

reef

Coral Reefs

123

Author's personal copy



picture element (pixel). The white reference needed for

water correction was an extracted spectrum of the under-

water white reference plate placed within the image at the

reef depth. Dividing the DN values by those of the white

reference converts all irradiance values into reflectance

values completing the image preparation (Lillesand and

Kiefer 2003; Mather and Koch 2004). Measuring that plate

underwater offers an opportunity to correct the effect of the

water medium on light passing through. This is based on

the assumption that—just like on land—those plates pro-

vide a baseline measurement representing all the light that

can be reflected from the target in those conditions. Since

the image analysis is undertaken in reflectance values and

the correction was based on an image-derived white ref-

erence, radiometric correction is an unneeded step and was

omitted from the image preparation sequence. Altogether,

three images were created to test the spectral resolution

parameter. The original image was spectrally resampled to

three spectral resolutions: 5 nm bands, 10 nm bands, and

20 nm bands, reducing the original number of bands

between 400 and 800 nm to 80, 40, and 20, respectively.

The final step of the pre-processing focused on

addressing the severe variability in spectral albedo,

including the glinting effects caused by surface ripples

(Fig. 2c). Those glinted pixels were different from their

surrounding pixels, both by their reflectance magnitude and

by their spectral features in the NIR spectral range (Fig. 3a).

Instead of filtering out high albedo pixels and imposing a

uniform correction approach on the darker pixels as well as

the light ones, a normalization procedure was employed.

This processing adopted the deglinting method described by

Hochberg et al. (2003a) and Hedley et al. (2005). This

correction is based on using the water opacity in the NIR

wavelengths (thus reflectance values are independent of

water absorption) as a baseline for normalization. In this

respect, it is similar to more familiar normalization tech-

niques based on the mean or mode of all bands. In the first

stage of this routine, each band is divided by a specific near-

a

b

c

Fig. 2 An example of a

hyperspectral image. a the

original full size image; b a clip

used for all analyses; and c a

close-up section showing

glinted (under the cross) and

non-glinted pixels
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infrared (NIR) band (not specified). The second stage of this

method suggests normalizing all pixels to a certain mini-

mum value originally termed NIR min but referred to as

‘min’ from here on. The min value is derived from non-

glinted pixels selected manually by the operator. In this

step, the linear relationship, created earlier, is reversed by

simple multiplication using the new min value (instead of

the original NIR band used for division). The output is an

image where all pixels in the image have a uniform baseline

based on the min derived from a non-glinted pixel.

Theoretically, glint correction should come in earlier

stages of preprocessing, prior to reflection conversion, as

the glinted pixels contain reflection spectra that did not

enter the water column (reflected from the surface directly)

at all. However, in this case, because the ‘deglinting’

approach is used only as a normalization agent, the intro-

duced bias is ignored. The leading rationale in this choice

was that any bias is applied to all spectra and since it is

derived from the image itself, its effect is uniform across the

image. Moreover, since classification training is also based

on the same biased within-image spectra, the classification

itself is not affected by their radiometric incorrectness.

Additionally, the most affected part of the spectrum would

be in the NIR—an area of the spectrum not taking part in the

classification anyway. The normalization procedure tested

four bands based on the above method. In the first stage,

each spectrum was expressed as a proportion to one of the

following bands (red bands: 675, 680 and NIR bands: 760

and 775 nm). The two red bands were chosen since they

represented an area in the spectrum that is typical to a living

substrate (i.e., typical chlorophyll absorption peak at

675 nm) and also because their standard deviation was the

smallest in the image. The NIR section bands were chosen

based on low standard deviation alone following Hedley

et al. (2005). Next, the images were multiplied by 0.3, the

average reflection of bands 675 and 680 nm in well-lit

pixels (i.e., pixels that are not affected by glint or shade). A

similar process took place for the NIR-divided images that

were multiplied by 0.92. The resulting normalized images

were used for classification.

The general spectral range of water-leaving radiance

suggested in the literature is 400–700 nm. From this range,

two sets of spectral ranges were selected based on close

observation of the spectra in the image and the following

rationale. Due to a combination of high light scattering and

the lack of useful spectral features (e.g., Lubin et al. 2001),

the spectral range between 400 and 450 nm was omitted.

The spectral range between 650 and 700 nm is highly

affected by water absorption but does contain important

spectral features, like the chlorophyll absorption peak at

675 nm. Because omitting this range may affect the sepa-

rability of tested substrate, two spectral ranges were selec-

ted to represent the spectral range options 450–650 nm and

450–700 nm.

Image classification

Image classification was applied using support vector

machine (SVM), a standard supervised classification pro-

cedure in ENVI software. SVM is based on modeling the

training classes in hyperspace and minimizing each pixel’s

distance to its most similar target. The SVM enables one to

seek those distances in a nonlinear way (Cortes and Vapnik

1995) and is particularly effective with spectral data.

Image classification focused on five classes: massive

hard coral, branching hard coral, deeper turf rock, shallow

turf rock, and shade. For every identified class, 10 adjacent

pairs of areas of interest (AOI) were selected; each AOI

contained in excess of 250 pixels (therefore, each class

average was based on more than 2,000 pixels). Adjacent

AOIs were expected to contain pixels of the same class, so

one of every pair was allocated for classification training

while the second AOI was later used for verification

(Fig. 4). Altogether, classification was undertaken ten

a

b

Fig. 3 Glinted and non-glinted spectra of massive coral and their

normalization. After conversion to reflectance, the Y axis represents

the fraction of reflectance from the maximum, and their values should

range between 0 and 1 (i.e., white reference should reach one).

Spectra that are over the value of one suggest that they are

overexposed as result of glinting effect. a While spectra of branching

coral tend to be fairly consistent in their albedo, glinted spectra (blue)

are more varied and their spectral features not consistent beyond

700 nm. b Spectra of glinted massive hard coral before and after

normalization. Shown here are also non-glinted pixels before and

after normalization. Note that normalization affects albedo without

affecting the spectral features themselves
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times: There were five images, including the original image,

two red-band-normalized images and two NIR-band-nor-

malized images; each of those was classified twice using the

two spectral ranges 450–650 nm and 450–700 nm. Confu-

sion matrices, calculated from the resulting classed images,

offered a quantitative assessment for the success of the

classification in each image. Two measurements for accu-

racy were calculated—total accuracy, representing the

number of correct classifications as a fraction of the total,

and the Kappa coefficient, representing accuracy that takes

into account classification occurring by chance.

Results

Deglinting

Deglinted pixels were only a small proportion of the entire

image (*3 %), and their effect ranged from saturated

pixels (i.e., after white reference correction, pixels con-

tained values larger than 1) to over-lit pixels (Fig. 3a). It

seems that due to the sensor’s pushbroom action, glint was,

in many cases, recorded in lines. The key for the normal-

ization success was assumed to be in choosing the right

band on which to base the correction and from which to

extract the ‘min’ values. Although spectrally biased, both

correction procedures produced an improved spectral

image where much of the within-substrate unit variability

(shade or glint) was reduced without losing useful spectral

features (Fig. 3b).

Classification

Overall, the most accurate classification was achieved

using the combination of 5 nm bands, a 450–660-nm range,

and red-band normalization (total accuracy was 0.99 and

Kappa coefficient was 0.99, Table 1). Of the five images

tested, the two images corrected with NIR bands (765 and

775 nm) and the two images corrected with the red bands

(675 and 680 nm) produced identical accuracies (not pre-

sented). Out of the two spectral ranges, the wide spectral

range (450–700 nm) gave better results than that of the

narrow spectral range (450–650 nm). The exclusion to the

above rule was the red-band corrections that were generally

improved using the narrower spectral range and narrower

bands. Both normalization treatments improved the clas-

sification in comparison with that of the original image

although red-band normalization consistently produced

more accurate results (e.g., 0.99 for red versus 0.9 for NIR-

corrected bands classified between 450 and 650 nm bands

and 5 nm band width). Overall accuracy scores for all the

tested images and the corresponding Kappa coefficient

scores were highly correlated (R2 = 0.99).

Throughout, despite the normalization, severely glinted

spectra and very dark spectra were more likely to be mis-

classified or unclassified. Normalization improved the

micro-scale—within colony—classification (Fig. 5) for

both high albedo (glint) and low albedo (shade) pixels. For

example, the spherical coral shade is classified as ‘shade’

(or unclassified) in the original image, while correctly

identified as ‘coral’ in the normalized images. In all cases,

class perimeter is better defined after normalization that

improves the identification of turf areas significantly

(Fig. 6).

Discussion

The results presented in this preliminary study suggest that

ground-level hyperspectral imagery can be used success-

fully to classify coral reef substrates. Furthermore, the

addition of normalization significantly increases classifi-

cation accuracy. Despite the fact that the red-band nor-

malization is radiometrically biased, it achieves better

accuracy than that of the NIR band because the classifi-

cation endmembers and the classified pixels are subjected

to the same treatment. This may have to be addressed if

classification were to rely on external data, such as a

spectral library or endmembers derived from another

image. Using a different form of normalization may

improve accuracy without imposing bias limitations and

also may allow cross referencing between images (Roger

et al. 2003). In contradiction to previous work where nor-

malization was not used (e.g., Lubin et al. 2001; Kutser

Fig. 4 Spectra used for classification. The solid lines represent the

average spectra used for classification while the dashed line is the

average spectra of the verification areas of interest. The classes

include branching hard coral, massive hard coral, turf rock, rock, and

shade. Note that while the albedo is not always identical, spectral

features are similar
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et al. 2003), spectral resolution or spectral range limitations

did not seem to have played an important role in improving

accuracy. The SVM is a practical tool in extracting a

classification model when the data are noisy or when the

spectra are not well defined, such as marine substrates

(Cortes and Vapnik 1995; Kruse 2008). As a classification

approach, it is somewhat similar to the principal compo-

nent analysis (PCA) that was suggested by previous

workers as a good method of maximizing the benefit of

high spectral resolution data sources (e.g., Holden and

LeDrew 1998; Hochberg and Atkinson 2003; Hedley et al.

2012).

If we consider that the remote sensing of coral reefs

suffers from additional drawbacks in comparison with

terrestrial equivalents, using the hyperspectral camera over

the reef table seems to overcome these limitations well

(environmental, sensor, and habitat). The first, and in many

cases the hardest, to encounter is the environmental prob-

lem of water scattering and absorption. The use of an

in situ white reference plate used in this study was found to

a

b

c

d

e

f

Fig. 5 Deglinting and

classification results. a–c are the

images before normalization,

after NIR-band normalization,

and after red-band

normalization, respectively. The

marked areas of interest (AOI)

in the image represent the

training and verification AOIs

used for the classification

process. Color legend follows

previous colors (Fig. 3). c–e are

the classified images. c is the

non-deglinted image; d is the

classified deglinted image; and

e is the normalized. Accuracy in

classification is visually noticed

Table 1 Confusion matrix results of the most successful image classification tested (5 nm bands, 450–660 nm range, and red-band

normalization)

Confusion matrix Verification

Branching hard coral Massive hard coral Turf rock Deeper turf rock Shade

Classification

Branching hard coral 388 0 0 0 0

Massive hard coral 0 849 2 2 0

Turf rock 1 2 492 0 5

Deeper turf rock 7 0 0 258 0

Shade 0 0 12 0 802

The total accuracy was 0.99 and Kappa coefficient was 0.99
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be useful in the reef table conditions especially in omitting

the need for water correction. In this respect, water quality

and water type (Jerlov 1951) are not considered, and water

correction is not necessary (Lee et al. 1999). The success of

this option is currently tested for deeper water and will be

applied in different conditions. Another environmental,

water-related drawback is the distortion caused by glint

(Kay et al. 2009). This element seemed to be overcome

successfully by using a simple correction procedure in two

variations.

The second limitation, imposed by the sensor itself, is

the camera’s most significant merit. Even the finest-scaled

remote sensing image pixel exceeds substrate unit sizes

(e.g., pixels size may be 1 m but average coral heads at the

study site may range to around 25 cm in diameter). The

hyperspectral camera provides millimeter-scale pixels, an

impressive spatial scale allowing all of the pixels in the

image to contain a single substrate. In fact, both resolution

elements (spectral and spatial) offered by the sensor used

here are well over the minimum needed to execute marine

substrate classification successfully (Hochberg et al.

2003b; Kutser et al. 2006; Knudby et al. 2010).

The final difficulty outlined earlier is the similarity

between the different reef living-substrate spectra as they

are all dominated by the same chlorophyll absorption fea-

tures. Hyperspectral imagery is probably the only means

for addressing the feature separation necessary for positive

identification of different marine substrates (Kutser and

Jupp 2006; Leiper et al. 2012). The spectral resolution of

the camera used for this study provides adequate spectral

resolution to successfully separate the common substrates

within the study site.

Bridging the technological capabilities between remote

sensing and in situ spectroscopy offers a good opportunity

for testing resolution limitations. Starting off at the fine

resolution offered by this sensor, reducing the spectral

resolution by resampling the same data set may facilitate

further investigation into the limits of the spectral resolu-

tion parameter.

The ability to provide pure pixels offers an opportunity

to run a simple classification on the selected scene, an

uncommon option for in situ analysis of marine substrates

(Hochberg and Atkinson 2003). Furthermore, results pre-

sented here suggest that sub-classification to branching

hard coral (e.g., Acropora spp.) and massive hard coral

(e.g., Platygyra spp.) was also possible, a novel applica-

bility not possible to date. To this end, even pixels of a few

centimeters (and tenfold upscale!) would provide a very

useful classification and quantification data set. The

potential for testing the effect of spatial up-scaling may

help in optimizing the remote sensing effort in future

research (Andrefouet et al. 2002; Purkis and Riegl 2005;

Dadhich et al. 2012). In contrast, the combination of micro-

scale pure pixels and high spectral resolution provides an

exciting opportunity to investigate and address within-class

variability, such as shading and the 3D complexity of

marine substrates. Understanding these effects can help

explain the spectral nonlinear mixing described by several

studies that attempted to perform these tasks (Hedley and

Mumby 2003; Goodman and Ustin 2007; Bioucas-Dias and

Plaza 2010). At this scale, models of classification can test

approaches in contextual classifications (Mumby et al.

1998; Vanderstraete et al. 2005), textual classifications

(Mumby and Edwards 2002; Riegl and Purkis 2005; Purkis

et al. 2006) or object recognition techniques (Gilbes et al.

2006; Phinn et al. 2011; Leon et al. 2012). Particularly

important is the sharper substrate unit edges obtained using

the red-band normalization. Being able to identify and

isolate different units in the scene is a major step-up in

object recognition processing (Gilbes et al. 2006).

With all this in mind, it is important to remember that

the pushbroom technology poses a problematic limita-

tion—the exposure time. Even if the current exposure time

can be reduced by decreasing spectral resolution, the

instrument currently used has to be fixed to a static base.

To date, there is no reflex camera alternative although the

technology is being developed (FluxData; SurfaceOptics-

Corporation; Habel et al. 2012).

Fig. 6 A demonstration of spectra treatment results. The solid lines
represent the average lit spectra. The dashed lines and the dotted lines
represent glinted and shaded spectra, respectively. Raw (untreated)

coral pixels are in black, pixels normalised with red band in red, and

coral pixels normalised with NIR band pixels in blue

Coral Reefs

123

Author's personal copy



For monitoring and conservation, the potential appli-

cations demonstrated by this study include automated

quantitative image analysis and accurate substrate identi-

fication. In turn, this facilitates larger scale campaigns (i.e.,

multiple image analysis) with much less manpower

investment, compared to knowledge-based digital photog-

raphy analysis. The immediate applicability is currently

limited by the need for camera mounting (such as a tripod

or the jetty used for this study). This may be overcome

using a reflex-type camera as described earlier but could be

also overcome by using a higher mounting for the current

sensor. For example, raising the sensor to 6 meter above

the reef may cover an extended portion of the reef,

approximately 3 m 9 6 m (effectively spatial up-scaling).

In this case, the spatial resolution will be reduced but that

is unlikely to affect the image analysis. Even with all the

current limitations, for the study site described in this

study—using the two jetties to take 5 images at each side

would result in a set of 20 images. If, as suggested above,

every image covers 18 m2, this amounts to a sizable survey

effort.

The aim of this paper was to give a quick and sim-

plified account of the potentiality of a new technology for

marine spectroscopy at ground level. The three key limi-

tations relevant to remote sensing of coral reefs are suc-

cessfully overcome. The presented results show that the

combination of image specification 5 nm bands, a

450–660 nm range and the red-band normalization can

produce unprecedented classification accuracies of 99 %.

To this end, the camera’s specifications open a new ave-

nue of research in the spectroscopy, image analysis, and

remote sensing relevant to this environment. The advan-

tage of such resolution is limited in respect to computer

power and data handling. To overcome this problem,

currently the possibility of reducing spatial and spectral

resolution is being tested. Up-scaling experiments may

provide resolution limits for this type of remote sensing

analysis of coral reefs. Scaling up the area surveyed can

be done empirically by rising the sensor’s mounting point

and by creating mosaics of several images together.

Another area in need of improvement is the normalization

technique that currently is image specific. Further work

planned for this source of imagery focuses on testing

different normalization techniques. The results presented

here show how well the classification handles a relatively

simple scene with only five class definitions. In more

complex scenes, the number of classes may be doubled,

and class integrity may be reduced. Tests with more

complex classification techniques, such as PLS-DA and

object recognition, are planned and may yield better

results with more complex scenes. Additional avenues for

exploration include micro-scale (single colony) spectral

variation and spatial up-scaling of similar images.
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